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Abstract. Generalized face anti-spoofing (FAS) has attracted increas-
ing attention due to the need for robustness in unseen scenarios. Do-
main adaptation methods can improve performance by leveraging target-
domain information. However, in FAS, collecting spoof samples is signif-
icantly more expensive than acquiring a few bonafide samples, making
it impractical to gather diverse attack types and finetune models for
each deployment scenario. To address this challenge, we propose Text-
guided RelAtionship Modeling (TRAM), a finetuning-free test-time do-
main adaptation approach for generalized FAS using only a few bonafide
samples. Since samples within a target domain share common domain
factors, we treat genuine sample as the anchor and model its relation-
ship with incoming inputs to mitigate domain bias. To learn discrimina-
tive spoof cues from these relationships, we introduce a Relative Image-
Pair-Text Contrastive Learning strategy that leverages fine-grained FAS
relation prompts. Furthermore, to compensate for the lack of detailed
spoof annotations, we design a Fine-grained Relation Prompt Learn-
ing strategy that mines low-level photometric discrepancies through pre-
computed measurements to generate robust prompts. Extensive exper-
iments on eight FAS datasets with typical variations demonstrate that
TRAM achieves consistent improvements over state-of-the-art methods
while using only a few bonafide samples from the target domain (as few
as five). Comprehensive ablation studies further validate the effectiveness
of each component.

Keywords: Face Anti-spoofing - Face presentation attack detection -

Face liveness detection

1 Introduction

Face recognition systems are increasingly deployed across a wide range of ap-
plications, raising growing security concerns due to the prevalence of spoofing
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Fig. 1: Comparison between conventional domain adaptation (DA) methods for FAS
and the proposed TRAM. Previous methods require both bonafide and attack samples
from the target domain and perform model updating for distribution alignment. In
contrast, TRAM enables finetuning-free test-time adaptation with only a few target-
domain bonafide samples by modeling the relationship between an anchor sample and
incoming inputs.

attacks. Such attacks can often be performed at very low cost by obtaining a
user’s facial image from social media and presenting it to the system via printed
photos or replayed videos. To mitigate this threat, numerous face anti-spoofing
(FAS) methods have been proposed, ranging from early hand-crafted feature
approaches [1,/21,43] to recent deep learning-based representation learning tech-
niques [60464L[81]. While these methods achieve promising performance in intra-
dataset evaluations, they often struggle to generalize to unseen domains. This
limitation largely arises because FAS models rely on subtle cues such as tex-
ture patterns and color tone, which are highly sensitive to variations in imag-
ing devices, illumination, and capture conditions, leading to significant domain
shifts [33].

To address this challenge, domain generalization (DG) approaches aim to
learn domain-invariant representations from multiple source domains [31,[54L81].
Typical strategies include adversarial learning [22}/49] and meta-learning [5|
50|, which attempt to improve robustness to unseen environments by reducing
domain-specific biases during training. Recently, vision-language models (VLMs)
such as CLIP have shown promising generalization ability in FAS [52] by align-
ing visual and textual representations in a shared embedding space. Subsequent
works further improve robustness through prompt learning [28}|33] and fine-
grained semantic guidance [33|. Alternatively, domain adaptation (DA) methods
relax the DG assumption by allowing access to target-domain samples during
adaptation. By explicitly reducing the distribution gap between source and tar-
get domains, DA methods often achieve stronger performance in practical deploy-
ment scenarios. Representative approaches include unsupervised DA that aligns
feature distributions via discrepancy minimization |25] or adversarial learning [62],
semi-supervised DA that leverages partially labeled target data [23}[47], and
few-shot test-time adaptation that updates models using limited target sam-
ples [18}36}38},42,/45].

However, these approaches usually require both bonafide and attack samples
from the target domain, which increases deployment costs and may be infea-
sible in real-world scenarios. Collecting diverse attack samples across domains
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is particularly challenging, as generating print or replay media or fabricating
3D masks requires manual effort and controlled environments. Moreover, adapt-
ing models with target data typically involves additional training or finetuning,
which introduces extra computational overhead and limits scalability in online
or large-scale systems.

This raises an important question: Can we adapt FAS models to a new do-
main using only target domain bonafide samples? In this work, we propose Text-
guided RelAtionship Modeling (TRAM), a CLIP-based finetuning-free test-time
adaptation framework for FAS that adapts to new domains using only a few
target-domain bonafide samples at inference without requiring attack samples.
Our key insight is that genuine faces captured in the target environment share
the same domain-specific factors (e.g., camera characteristics, lighting condi-
tions, and image quality) with other incoming samples. By treating a genuine
face as an anchor, TRAM compares each input sample against the anchor to
suppress shared domain bias and highlight discriminative spoof cues. To achieve
this, different from CLIP aligns image to its own text description, we design a
relational text prompt that encourages the model to investigate the difference
between the anchor and each input sample. For genuine face, the text prompt is
simply No Difference. For attack sample, we explicitly describe the fine-grained
spoofing artifacts (e.g., contrast, color saturation) as the relation prompts to bet-
ter guide the model toward detecting FAS cues. We compose an anchor-relative
FAS encoder to distill these relational features based on cross-correlation between
the anchor and the input visual feature. A Relative Image-Pair-Text Contrastive
Learning (I?CL) framework is introduced to model anchor-relative relationships
for spoof detection. Since fine-grained artifact descriptions may be missing or
heterogeneous across different attack instruments, I?CL is designed to handle
incomplete artifact prompts and is regularized with consensus attention guid-
ance. Furthermore, due to the lack of detailed spoof annotations, we propose a
Fine-grained Relation Prompt Learning (FRPL) strategy that leverages pseudo
artifact labels to mine low-level photometric discrepancies and learns robust rela-
tional prompts with conditioned attribute-balanced supervision to further guide
I2CL.

In sum, the main contributions of this work are:

— We propose TRAM, a novel CLIP-based finetuning-free test-time adaptation
framework for face anti-spoofing that adapts to unseen target domains using
only a few bonafide samples, eliminating the need for attack samples or
additional training.

— TRAM introduces an image-pair relational modeling paradigm for FAS, con-
sisting of 1) a Relative Image-Pair-Text Contrastive Learning (I?CL) frame-
work with consensus attention regularization to capture relational spoof cues
between an anchor bonafide face and incoming inputs, and 2) a Fine-grained
Relation Prompt Learning (FRPL) module that mines photometric discrep-
ancies to generate detailed relational prompts with conditional attribute-
balanced control.
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— Extensive experiments on eight public FAS datasets demonstrate that TRAM
achieves consistent improvements over state-of-the-art methods in cross-
domain generalization using only a few bonafide samples from the target
domain and without finetuning.

2 Related Work

2.1 Face Anti-Spoofing

Early FAS methods based on handcrafted features [3}/44}/55] evolved into deep
learning-based frameworks [35},137,/70] with the development of convolutional
neural networks. Auxiliary tasks like depth maps [49], rPPG signals 32|, and 3D
structures [15] modeling are introduced to further enhance the discriminability.
Despite the success in intra-dataset settings, these methods struggle to generalize
to unseen domains due to domain shifts. While domain generalization techniques
seek to learn domain-invariant representation [5,31.50,(54L81], the effectiveness is
constrained by the lack of target domain information, motivating the exploration
of domain adaptation for FAS.

Domain Adaptation for FAS. Domain adaptation (DA) aims to align the
source and target feature distributions to minimize the impacts of domain gaps.
Early DA methods in FAS require access to both source and target data for
joint training [16,25}/61,/62]. This could be impractical in real-world scenarios
due to privacy constraints and deployment costs. Source-free DA [39,/42] and
later continue-learning based methods [4,[18] aim to solve this problem. Test-
time DA (TTA) further lowers the costs since they can achieve distribution
alignment without label of target domain samples [20,38]. TTA can be con-
ducted in a finetuning-free way by summarizing domain statistical information
from inference batches [80], or translating [82]/projecting [26] the target do-
main images into source domain. However, these methods either need attack
samples from target domain or restrict to the assumptions that domain shift
in FAS can be regarded as style transfer. In this work. the proposed TRAM
can achieve finetuning-free TTA without requiring any attack samples from the
target domain. TRAM explicitly models relational FAS features in a fully learn-
able manner, by using only genuine face from the target domain as anchor and
comparing it with incoming input samples.

Vision-Language-model-based FAS. CLIP has shown remarkable general-
ization by aligning image—text pairs in a joint embedding space. While originally
designed for high-level vision tasks like classification and retrieval, its effective-
ness in low-level tasks like denoising [8], defocus deblurring [68], and depth esti-
mation |75] is also validated. FLIP was the first that introduces CLIP for FAS,
achieving outstanding performance with text guidance: This is a {real/spoof }ace [52].
Later works focus on improving generalizability through prompt engineering,
including build learnable prompts [28}[33] and constructing fine-grained descrip-
tions with the help of LLMs [11}/651/69,83]. Recent studies explored MLLM-based
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Fig. 2: Overview of the proposed method. TRAM takes an image pair as input, where
one image serves as an anchor bonafide face. In Relative Image-Pair-Text Contrastive
Learning (I°CL), an anchor-relative FAS encoder models the relationship between the
anchor and the input image under textual guidance t;, with consensus attention reg-
ularization. Fine-grained Relation Prompt Learning (FRPL) mines pseudo-artifact at-
tributes to generate fine-grained prompts ¢, that provide additional guidance for I°CL.

FAS for improved interpretability . In contrast to these DG settings with-
out target-domain information, TRAM reconfigures CLIP for domain adaptation
in FAS and achieve finetuning free test time adaptation with a few genuine sam-
ples.

2.2 Image Difference Captioning

Image Difference Captioning refers to generating descriptions that highlight the
differences between two similar images. It mainly applies in the field of Remote
Sensing |§|, and viewpoint change tasks . However, these tasks focus
on explicit instance-wise changes and require accurate descriptions of differences
for model training, which makes it difficult to integrate them to FAS. Further-
more, VisDiff utilizes the LLM to generate text for image pairs separately
and then determines the image differences based on the textual variances. How-
ever, the LLM lacks the core knowledge of FAS , which limits the textual
differences generated to descriptions of instances, making it challenging to use for
FAS classification. Typical cases are demonstrated in supplementary material.

3 Methodology

Overview. Figure 2] shows the overview of the proposed TRAM that takes an
image pair as input—one is the input sample and the other is the anchor real
face of the domain. TRAM conducts FAS by modeling the relationship between
them via Image-Pair-Text contrastive learning. The network extracts relational
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features with the proposed anchor-relative FAS encoder, which is optimized with
the Relative Image-Pair-Text Contrastive Learning (I?CL). These relational fea-
tures are then matched with detailed relation prompt text features to conduct
the final FAS classification. To provide such fine-grained relation prompts, the
Fine-Grained Relation Prompt Learning (FRPL) module with an anchorized
spoof artifact extractor is further introduced to mine FAS-relevant photomet-
ric discrepancy information and generate detailed spoofing-artifact prompts for
I?CL. During training, the anchor image is randomly sampled from bonafide
samples in the source domain. During inference, a few bonafide samples from
the target domain are used as anchor candidates to cover potential domain vari-
ations, and each incoming sample is paired with one of the anchor candidates
for prediction.

3.1 Relative Image-Pair-Text Contrastive Learning

For the pair of input image I, and the anchor I4 from the same domain with
identical domain-specific information, we could get rid of the FAS-irrelevant
domain-specific information and conduct generalized FAS by only looking at
their differences. Therefore, we propose a Relative Image-Pair-Text Contrastive
Learning (I?CL) framework to learn generalized FAS information by investigat-
ing their relational features with text guidance. Specifically, an anchor-relative
FAS encoder fg is constructed on top of the CLIP visual encoder to model the
relationship of their visual feature x and A:

R= fR(Aa:B) (1)

Different from the previous CLIP-based methods that take one image as the
input, here the text guidance of R is formed with relationship description, i.e.:
“This is a {real / spoof} face. The face is {the same as / different
from} the anchor." Then the final FAS classification results ¢ is obtained by
selecting the class prompt ¢, and t; with the highest response for R:

§ = argmax (R, fi(ty)) (2)

ke{r,s}

where f; is the text encoder and (,) denotes cosine similarity. We follow [52] and
set CLIP loss L5 = CE(y,p(g|R)), where y denotes the label of I,.

Anchor-Relative Cross Attention. Given two input features x and A, we
employ cross attention mechanism to model their relationship. fr is constructed
in the ViT manner where the first layer we design the Anchor-Relative Cross
Attention (RCA). By applying transformer linear mapping [59|, we obtain Q,,
K.V, from « and Qa, K4, V4 from A. To suppress the shared non-FAS
characteristics between & and A, we use the difference of their @ and K to
remove common facial attributes and background factors, allowing the model to
focus on spoof-related cues in relationship modeling. RCA is formulated as:

RCA(QA, Q:m KAv KI) VA) =

softmax ((Qa — Qu) (Ka — K,) T © T(MI M) )Va )
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Note that we modulate the attention temperature with facial prior masks M,
M 4 to emphasize facial areas with more generalized FAS cues. 7 (-) is a modu-
lation function. The output of RCA is followed by Self-attention and FFN layers
to form the entire fg.

Consensus Attention Regularization. Empirically, CLIP tends to exhibit
sparse attention behaviors [79]. For FAS such sparsity may cause overfitting on
domain-specific spoofing cues, e.g., the handhold prints attack or 3D mask with
eye region artifacts, which could hinder the learning of generalized relational
features. To mitigate this issue, we propose Consensus Attention Regulariza-
tion(CAR) to encourage samples from real faces and each attack type to form
their own consistent relational-attention distribution.

Specifically, for each category c of real class and different attack types, we
construct a consensus attention map G.. Given an input pair (A;, x;), we obtain
its Grad-CAM [48] map G¢ from fr and update the corresponding G with an
exponential moving average:

G = uGM + (1 - p)GS, (4)

where p controls the momentum of the update and n denotes the update step
index. Through iterative updates, G, gradually reflects the consensus relational
attention pattern within each category. Once the G, are stabilized , they serve as
targets that tune the model’s relational attention by minimizing the divergence
between each sample’s attention map and its corresponding G.:

Ecar = JS(va ng))v (5)

where JS(-) denotes the Jensen—Shannon divergence.

3.2 Fine-grained Relation Prompt Learning

To better describe the relationship between the  and A and make the text guid-
ance precise and specific, we propose to incorporate the fine-grained spoofing ar-
tifacts into the text prompts for I*CL. As validated in [25], the spoofing samples
tend to have different photometric properties compared with the genuine one
due to the quality defects of spoofing medium, such as the contrast, saturation,
colorfulness and white balance. These discriminative photometric properties can
be adopted as the fine-grained spoofing artifacts attributes to form the detailed
relationship description in I2CL. Since these detailed attributes are not avail-
able for existing datasets, intuitively, we may extract photometric features and
use numerical statistics with a certain threshold to obtain them. However, since
photometric differences can also exist in genuine sample pairs due to variations
of lighting conditions or skin color, such hand-crafted statistics may introduce
noisy labels issue and lead to catastrophic performance degradation. To avoid
this problem, we design the Fine-Grained Relation Prompt Learning (FRPL)
on top of the pre-computed photometric attributes to learn robust fine-grained
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prompts. FRPL employs the anchorized spoof artifact extractor to obtain arti-
fact representations and selects the relevant fine-grained prompts by measuring
their similarity in the embedding space.

Anchorize Cross Attention. As shown in Fig. [2] the anchorized spoof artifact
extractor f4 is constructed to mine low-level FAS-related photometric discrep-
ancy information R4:

Ra=fa(A2) (6)

Inspired by [57], we perform cross-attention on @, and K4 to find the spoof
artifact feature and form the Anchorize Cross Attention (ACA) as:

ACA(Qu, K4, Va) = softmaz(Q. K4 © T(MIM,))Va (7)

where dg, is the dimension of K 4. Similarly, f4 follows ViT style design which
attaches ACA with several self-attention and FFN layers to obtain the output.

Attribute-balanced Multi-label Photometric Prompt Learning. Since
spoof artifacts may exist in multiple photometric attributes for spoofing samples,
we compose a CLIP-style multi-label classification [53] task to learn the prompt,
i.e., composing two classes(same/different) for each photometric attribute and
computing the similarities with R4. We compute photometric properties from
the input image pair on the fly and analyze the difference to generate pseudo
attribute label. The ratio of photometric property values of I, and I, is mea-
sured. If ratio r of property d is below a certain threshold 6 and I, is a spoof
sample, we mark d as {different} and vice versa. Detailed metrics are in the
supplementary material.

Since photometric attributes can also be affected by other factors, we set
0 with a relatively low value to reduce the noise of pseudo labels. But this
could lead to data unbalanced issues where the number of {different} can be
significantly lower than that of {same}. To solve it, we compose a Conditional
Attribute-Balanced Cross Entropy Ly, that can control pseudo-attribute-label
noise and mitigate class imbalance effects simultaneously:

D
1 N
‘Cfg = - 5 Z 1{rd<9Ay:1}a10g(p(y;‘RA))_F
d=1

(8)
(i >0vy=0} (1 — ) log(l — p(9, [Ra))

where D is the number of photometric attribute classes, r4 denotes the ratio of

d-th attribute, and § and 4~ represent the prediction of different and same.

« with the condition controls the class weight. For each input pair of a genuine

sample and a sample of class y (real/fake), we compute Ly, so that the encoder
fa(+) can generate robust photometric attribute prompt for fine-grained I?CL.

3.3 Fine-grained I2CL

With photometric attribute classification results, we generate the fine-grained
artifact spoof prompt ¢}, for [’CL. For simplicity, if the attribute is classified as
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FAS
(\Encoder fr

"different’, we concatenate (U) its corresponding textual prompt and the sum-
mation is:
th={J (&5 | p(311Ra) > p(i; |RA)) (9)
deD
Eq. of I2CL is updated with t, where t; < t, UtB For the spoof class, fine-
grained t,; provides more deceptive information. It further boosts the discrim-
inability of the fr in detecting FAS-related photometric discrepancies through
Lis. For the real class, we do not add supplement prompts. The final learning
objective is organized as:

Esum = Ecls + >\1['ca7" + )\QEfg (10)
where A1 and Ao balance the losses.

Inference. In the testing stage, TRAM pairs the inference input with a genuine
face from the target domain as the anchor. FRPL first generates fine-grained
spoofing artifact prompts according to the prediction of f4 and concatenates to
the 5. The final decision is obtained with Eq. 2] by computing the similarity of
relational feature with updated prompts. Different from popular DA methods
that need model re-training with target domain real and attack samples, TRAM
is finetuning-free since it is based on the relationship modeling of input image
and real face anchor. In practice, we take a few shots of real faces from the target
domain as anchor candidates to account for potential variations. An anchor is
selected for each input using a simple intensity-based heuristic to roughly align
the illumination condition between the pair. We empirically observe that TRAM
is not sensitive to the specific anchor choice as long as the anchor is a genuine
sample from the same domain.

3.4 Training strategy

There are two main learning objectives in the proposed TRAM: 1) learn dis-
criminative FAS feature by modeling the relationship of the input image with
real face anchor. 2) Mine low-level photometric discrepancy of the input pair to
provide fine-grained spoof artifact prompts to describe the relation. Since the
output of f4 is regarded as the text prompt guidance to finetune fg, unreliable
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Table 1: One-to-One cross-dataset evaluation between M, I, C and O (Protocol 1)
with the assessment metrics HTER

Methods Type |CIC—-MC—=-015CI-MI-0OM—=-CM=-IM—-00—=C0O =10 — M|Avg.
ADDA (58| DA 41.8  36.6 - 49.8 35.1 - 39.0 35.2 - - - - 39.6
DRCN |13} DA 444 274 - 48.9 420 - 289  36.8 - - - - 38.1
DupGAN |16] DA 42.1 334 - 46.5 36.2 - 27.1 354 - - - - 36.8
KSA |25 DA 39.3 151 - 123 33.3 - 9.1 34.9 - - - - 24.0
DR-UDA (62| DA 15.6 9.0 28.7 342 290 3.5 16.8 3.0 30.2 19.5 254 274 |23.1
ADA |61] DA 17.5 9.3 29.1 415 305 396 17.7 5.1 31.2 19.8  26.8 315 |25.0
USDAN-Un 23| DA 16.0 9.2 - 30.2 258 - 13.3 34 - - - - 16.3
CDFTN-L |71} DA 1.7 8.1 299 119 9.6 299 8.8 1.3 25.6 19.1 5.8 6.3 [13.2
JDOT-FAS 42| DA 3.3 5.4 - 244 58 - 4.4 0.5 - - - - 7.3
GDA 82| FTDA |15.10 5.8 - 29.7  20.8 - 12.2 2.5 - - - - 14.4
FLIP-V [52] VL-DG |15.08 13.73 12.34 430 9.68 7.87 0.56 3.96 4.79 2.09 5.01 6.00 |7.12
FLIP-IT |52] VL-DG |12.33 15.18 7.98 112 837 6.98 0.19 521 496 0.16 427 5.63 |6.03
FLIP-MCL |52 | VL-DG |10.57 7.15 391 068 7.22 422 019 588 395 0.19  5.69 840 |4.84
BUDoPT (33| VL-DG | 433 2.62 498 048 183 4.14 0 2.45 1.87 0.44 253 143 |2.46
TF-FAS |65 VL-DG | 3.06 1.59 3.78 069 134 2.50 0.11 231 1.40 1.5 4.02  1.59 |1.99
TRAM(ours) |VL-FTDA| 3.05 1.90 4.44 0.44 0.71 3.33 0 1.30 1.68 0.44 2.25 0.24 |1.65

DA: domain adaptation, TDA: Test-time DA, FTDA : finetuning free TDA, VL : Vision-Language-
based.

fa could cause the entire model to collapse. Therefore, we design a three-stage
training strategy that updates fr, fa, and then fr with fine-grained spoof ar-
tifact prompts sequentially.

Three Stage Training. As shown in Figure [3] in Stage 1 we tune the visual
encoder and fr with the standard FAS text prompt to let the model obtain
basic FAS ability. In Stage 2, we freeze the visual encoder and fr so that fa
could try its best to mine the low-level photometric discrepancy attribute from
the visual embedding with the guidance of fine-grained photometric attribute
pseudo label. In stage 3, given the predicted fine-grained spoof artifact prompts,
we further finetune the fr so that it can adapt to the variation of text guidance
and achieve better generalizability. For each source domain, we randomly choose
real face samples as anchors to form diverse anchor—input pairs.

4 Experiments

4.1 Experimental Setups

Databases, Protocols. We evaluate TRAM on nine public and widely used
FAS databases: MSU-MFSD(M) [67], CASIA-FASD(C) |78|, Idiap Replay at-
tack(I) [9], OULU-NPU(O) |2|, WMCA(W) |12], CASIA-CeFA(C) [27], CASIA-
SURF(S) [76], HKBUMARsV2+(H) [34], and CelebA-Spoof((Cspf)) [77]. Five
cross-dataset evaluation protocols are involved to cover diverse scenarios, with
varying source domains and attack instruments. Following [52], we adopt the
one-to-one and leave-one-out settings for M, C, I, and O under Protocol 1 (P1)
and Protocol 2 (P2), and evaluate TRAM on large-scale FAS benchmarks, in-
cluding W, C, and S, under Protocol 3 (P3). In Protocol 4 (P4), we evaluate
TRAM on high-quality 3D mask attacks between W and H. In Protocol 5 (P5),
we assess large-scale cross-dataset generalization in a single-source setting: the
model is trained on CelebA-Spoof and evaluated separately on M, C, I, and O.
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Table 2: Cross-dataset evaluation between M, I, C and O under Protocol 2.

OCI-M OMI—=C OCM—I ICM—0O Ave,

Methods Type Venue .| TPR@ -~ | TPR@ -~ | TPR@ . .| TPR@ o1

HTER|AUC FPR-1% HTER| AUC FPR-1% HTER| AUC FPR-1% HTER| AUC FPR-1% HTER
SSAB-R |66} DG CVPR22 | 6.67 [98.75 - 10.00 | 96.67 - 8.88 [96.79 - 13.72 1 93.65 - 9.80
LDCformer |19} DG ICIP’23 6.43 |98.39 - 8.11 |96.67 - 8.57 |97.09 - 11.17 |95.58 - 8.57
NAS-FAS [70] DA TPAMI'20 | 16.85 |90.42 - 15.21 | 92.64 - 11.63 | 96.98 - 13.16 | 94.18 - 14.21
RFMeta 50 DA AAAT20 | 13.89 (93.98 - 20.27 | 88.16 - 17.30 {90.48 - 16.45 |91.16 - 16.97
D?AM 7] DA AAAT21 | 12.70 | 95.6 - 20.98 | 85.58 - 15.43 |91.22 - 15.27 |90.87 - 16.09
Self-DA 64 TDA AAAT21 | 15.40 |91.80 - 24.50 | 84.40 - 15.60 |90.10 - 23.10 | 84.30 - 19.65
ANRL |30 DA ACMMM’21| 10.83 [96.75 - 17.85 | 89.26 - 16.03 |91.04 - 15.67 |91.90 - 15.09
ViTAF'-5-shot |18] DA ECCV™22 | 2.92 [99.62| 91.66 1.40 |99.92| 98.57 1.64 |99.64| 91.53 5.39 |98.67| 76.05 2.83
SDA-FAS-+-+ |38 TDA PAMI'24 | 3.75 [98.92 - 1.11 {99.82 - 0.25 |99.99 - 3.23 |99.65 - 2.09
WJIDOT-FAS 42| DA 1JCV’25 5.0 |97.0 - 2.8 |99.5 - 9.1 |96.9 - 4.6 |99.1 - 5.38
GDA [82] FTDA ECCV’22 | 9.20 [98.00 - 12.20 |93.00 - 10.00 |96.00 - 14.40 |92.60 - 11.45
TTDG-V [80] FTDA CVPR24 | 4.16 |98.48 - 7.59 |98.18 - 9.62 |98.18 - 10 |96.15 - 7.84
OTA |26 FTDA CVPR’25 | 2.38 [99.42| 93.33 2.67 199.49| 91.11 5.19 |98.56 | 88.22 3.03 [99.45| 90.66 3.21
FLIP-MCL [52] VL-DG ICCV™23 | 4.95 |98.11] T74.67 0.54 [99.98 | 100.00 | 4.25 [99.07| 84.62 2.31 [99.63| 92.28 3.01
CFPL-FAS 28] VL-DG | CVPR24 | 1.43 [99.28| 98.57 2.56 [99.10| 66.33 5.43 98.41| 85.29 2.50 [99.42| 94.72 2.98
BUDoPT |33] VL-DG | ECCV'24 | 0.40 [99.99| 99.67 0.26 [99.96| 99.92 1.38 |99.69| 98.10 | 1.60 |99.51| 97.18 0.91
TEF-FAS (65 VL-DG 1.49 |99.80 - 0.58 |99.99 - 1.56 |99.89 - 1.43 |99.93 - 1.27
MVP-FAST 169 VL-DG 1.44 [99.85| 98.53 0.33 199.93| 98.64 4.02 |99.00| 71.21 5.17 98.16| 61.69 2.74
GD-FAS |24] VL-DG 0 100 - 0.19 ]99.95 - 1.67 |99.71 - 1.92 |99.50 - 0.95
FLIP-MCL-5-shot 52| VL-DA 3.42 [99.34| 82.67 0.63 [99.98| 100.00 | 1.52 [99.86| 97.23 1.54 |99.81] 96.37 1.77
BUDoPT-5-Bshot [33|]| VL-DA 0 100 100 0.67 [99.99| 99.32 1.76 199.44| 91.98 1.43 199.69| 94.84 0.96
TRAM (ours) VL-FTDA| ECCV’26 0 100 100 0.11 [99.99| 99.77 1.85 |99.10| 97.30 | 1.27 |99.72| 98.35 | 0.81

DA: domain adaptation, TDA: Test-time DA, FTDA : finetuning-free TDA, VL : Vision-Language-
based, 5-Bshot: model incorporates five target-domain bonafide samples during training. f: Result
obtained using the official implementation.

Baseline methods. We compare TRAM with 30 cross-domain FAS methods,
including both popular and recently published SOTA approaches. Among them,
3 are finetuning-free test-time domain adaptation (FTDA) methods and 8 are
CLIP-based vision-language (VL) methods.

Metrics. We follow [52] and evaluate the performance of our method with three
metrics: Half Total Error Rate (HTER), Area Under the Receiver Operating
Characteristic Curve (AUC) and True Positive Rate (TPR) at a False Positive
Rate (FPR) 1% (TPRQFPR=1%).

Implementation Details. We use MTCNN [74] to extract the facial landmarks
for alignment and crop it in size 224x224. For FAS photometric properties, we
validate contrast, saturation, colorfulness and white balance inspired by [25]. We
follow the first-stage training of [33] to pretrain f, on the source dataset. fr and
fa begin with RCA and ACA respectively, followed by two self-attention layers.
The optimizer is Adam with a learning rate of 1076. We set {a, 6, u, A\1,\2}
as {0.9, 0.9, 0.9, 1, 1}, respectively. For Consensus Attention Regularization, we
update the G after 100 iterations warm up and apply the L.,, starting from 150
iterations. Following [52], we use CelebA-Spoof [77] as supplementary training
data for P1 and P2. For testing, we randomly sample five bonafide images from
the target domain as anchor candidates. For each test sample, TRAM pairs it
with one of the candidates based on image intensity similarity.

4.2 Evaluation

With limited variations in source domain (P1). Results in Table [If show
that TRAM can effectively learn relation modeling with limited source data
and outperforms the SOTA method TF-FAS of 17%. For settings where M is
the target dataset, TRAM achieves larger improvement (Aveg:+37%). We also
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Table 3: .Large-scale cross-dataset evaluation between W, C and S (Protocol 3)

CS—»W SW—C CW—=S Ave

Methods TPRQ TPRQ TPRQ :

HTER| AUC FPR—1% HTER| AUC FPR—1% HTER| AUC FPR—1% HTER
ViT [18] 21.04 {89.12| 30.09 | 17.12[89.05| 22.71 |17.16 |90.25| 30.23 | 18.44
CFPL-FAS |28]| 9.04 [96.48| 25.84 14.83 | 90.36 8.33 8.77 196.83| 53.34 10.88
FGPL |17 14.05 |92.65| 33.33 | 19.00 |88.53| 13.33 | 11.00 [94.72| 34.00 | 14.68
S-CPTL |14] 8.99 |94.01 - 12.78 | 91.64 - 9.48 |95.83 - 10.42
MVP-FAST |69]| 8.56 [96.75| 82.19 | 17.36 |89.64 6.56 12.84 |94.41| 47.41 12.92
TRAM/(ours) 8.23 (96.97| 55.33 |12.05|93.82| 40.55 5.08 [98.78| 81.16 8.45

1: Result obtained using the official implementation.

Table 4: 3D mask at- Table 5: Large-Scale Single-Source cross-dataset eval-
tack cross-dataset evaluation yation (Protocol 5).

(Protocol 4)

W—H , . Cspf > M | Cspf > C | Cspf I | Cspf — O | Avg.

Methods HTER Auc | TPR@ Methods HTER AUC [HTER AUC |[HTER AUC [HTER AUC |HTER
FPR=1% YiTAF [18] | 12.86 93.14| 3.11 99.48 | 12.38 95.73 | 26.73 81.28 | 13.77

FLIP-V [52] 243 199.61| 91.67  FLIP |52 19.37 89.95| 4.88 98.48 | 25.67 81.37|20.57 87.30| 17.62
FLIP-IT |52] | 3.94 |99.28| 83.33  L.FAS [72 5.63 98.73| 1.11 99.88 | 9.15 98.73| 14.86 92.68| 7.69
FLIP-MCL 52| 1.97 |99.88| 93.40  TAR-FAS [73]| 5.71 98.29| 0.00 100.00| 5.75 98.29| 14.45 92.63| 6.48
TRAM(ours) | 0.91 [99.83] 99.48 TRAM (ours)| 4.39 98.39| 0.56 99.89 | 9.58 96.02| 8.17 96.97| 5.68

note the slight performance drop for C— others, as C contains salient spoofing
cues (paper mask with obvious artifacts), which hinder the learning of more
generalized FAS feature. CLIP-based methods outperform the other traditional
methods in general, which validates the effectiveness of text-guidance in FAS
although it tends to rely on low-level vision cues.

Leave-one-out cross-dataset evaluation (P2). In P2, TRAM outperforms
the HTER of SOTA methods in all settings as shown in Table[2] Furthermore, our
model performs well on the TPRQFPR=1% metric, which indicates its potential
in real application. To ensure a fair comparison with identical target-domain in-
formation, BUDoPT-5-Bshot incorporates the same five target domain bonafide
samples in training stage. While this yields gains in some settings, the improve-
ment is not consistent. In contrast, TRAM achieves an average HTER of 0.81,
indicating that its advantage comes from relation modeling rather than access to
bonafide target samples alone. We can also observe the larger improvements com-
pared with finetuning-free TTA methods: TTDG [80], GDA [82] and OTA [26],
although TRAM uses only a few real faces from the testing domain.
Large-scale cross-dataset evaluation (P3). P3 involves larger number of
subjects, ethnic diversity and more diverse environmental variations, thereby
providing a more realistic assessment of model performance. As shown in Table
Bl TRAM consistently achieves the best overall performance, with the lowest
average HTER and the highest AUC across all settings. TRAM also attains the
largest gain on CW—S (+42%). This large-scale evaluation further validates
TRAM'’s generalization and practical applicability.

High-quality 3D mask cross-dataset evaluation (P4). In P4, we use W
with silicon 3D mask samples as the source domain and test on H with more
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Table 6: Ablation study of major com- Table 7: Operator-level analysis of RCA

. 2 . . .
ponents in P2 with metric HTER. in I*CL with P2 with metric HTER.

Vari J[OCI=M]OMI=C[OCM—I[ICM—0[Avg.
°CL CAR FRPL]OCIZM]OMISC[OCMSI[ICM—0[Avg. g TUIOC MO COOMAION Ol Ave
- - - 5.27 0.44 2.94 231 |3.05  Cross-attention baseline| No | 1.45 0.79 5.90 3.05 [2.80
v - - 0.24 0.67 4.05 1.87 |1.70  RCA Q-difference only | No | 0.97 0.66 4.66 3.32 [2.40
v v - 0 0.33 3.55 1.41 |1.32  RCA K-difference only | No | 1.21 0.44 5.16 3.03 |2.46

5 RCA Q/K No| 044 | 0.67 | 437 | 254 |2.04
v v v 0 011 1.85 1.27 |0.81 Full RCA Yes| 0.24 0.67 4.05 1.87 |1.70

realistic 3D masks under diverse lighting conditions. As shown in Table[d, TRAM
consistently outperforms the FLIP family baselines. We also observe from the
failure cases that FLIP predictions are noticeably affected by lighting variations,
whereas TRAM remains stable across different illumination conditions.

Large-Scale Single-Source cross-dataset evaluation (P5). We train TRAM
on CelebA-Spoof and evaluate it on the heterogeneous OCIM domains, simulat-
ing deployment from a centralized source to unseen environments. As shown in
Table f], TRAM achieves the best average HTER among two MLLM methods
I-FAS |72] and TAR-FAS |73|, with the lowest HTER on M and O and compet-
itive results on C and I. These results demonstrate effective transfer of liveness
cues from a single source to unseen domains.

4.3 Ablation Study

Component-level analysis of TRAM. We evaluate the effectiveness of each
component through the ablation study in Table [] based on the settings of P2.
FLIP-IT |52] is regarded as a baseline. Compared with FLIP, I?CL introduces
relationship modeling in a finetuning-free manner, reducing the overall HTER
by 44%. With CAR, the model is encouraged to focus on more generalizable
relational feature, which effectively improves its performance. The fine-grained
prompts generated by FRPL enhance the model’s sensitivity to low-level anoma-
lies and reduce the average HTER by 38%. We report more qualitative analysis
in the supplementary material to better illustrate the effect of component CAR
and FRPL.

Operator-level analysis of I>CL. Table @ presents an operator-level analysis
of RCA within I?CL. We first implement an intuitive input-anchor interaction
using a simple Siamese pair encoder, which independently encodes the two im-
ages, concatenates their features, and aligns the resulting representation with
relation text embeddings. Replacing this naive fusion with a standard cross-
attention encoder, in which input features query anchor features, reduces the
average HTER from 3.66 to 2.80. RCA further incorporates anchor—input differ-
ences into both the query and key representations, achieving an average HTER
of 2.04. Finally, mask-aware temperature modulation completes the full RCA
design and further reduces the average HTER to 1.70.
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Table 8: Effect of Anchor Selection Criteria in P2 100.0 il
Criteria |OCT—>M|OMI—C[OCM—I[ICM—O[Avg. HTER  , w. ] T
Semantic 0 0.44 2.00 1.42 0.97 ES
Color 0 0.22 1.70 1.38 0.83 0.2
Intensity| 0 0.11 1.85 1.27 0.81 90— T %

Number of shots

Fig. 4: Effect of #shots.

Joyouy eV [ESH@

. Realb Fake Real Fake Real Fake Real Fake
OCl—M OMI—=C OCM—I CM—

Fig. 5: (a)The t-SNE of TRAM relational features in the target domain under P2.
(b) Typical attention maps on real and spoof images for different target domain in
P2. Real faces show focused and coherent facial attention, while spoof faces exhibit
scattered and inconsistent attention.

4.4 Hyperparameter Analysis

Effect of Different Anchor Selection Criteria. Table [ evaluates the impact
of different anchor selection strategy. Each criterion selects the closest anchor
from the candidates. Semantic is based on feature similarity extracted by an
ImageNet-pretrained ResNet-18. Color and Intensity rely on patch-wise RGB
statistics and global intensity differences, respectively. Intensity achieves the
lowest avg. HTER, suggesting that high-level semantic similarity is not necessary
and may introduce task-irrelevant bias. The small performance differences across
criteria demonstrate that TRAM is robust to the anchor selection strategy.

Effect of number of shots. Figure [4] reports the mean AUC and standard
deviation on ICM—O under different numbers of real-face shots. For each shot
setting, results are averaged over five independent trials with randomly sampled
anchor candidates. Beyond 5 shots, the distribution changes only slightly, sug-
gesting that TRAM becomes stable with a small number of shots. Five shots
provide a good robustness efficiency trade off. Additional results on the effect
of the number of shots under the remaining P2 settings are provided in the
supplementary material.

4.5 Qualitative analysis

Visualization of Relational feature distribution. We plot the relational
feature distributions of P2 using t-SNE in Figure [5] (a). Samples sharing
the domain cluster together, and clear boundaries are shown between bonafide
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REE ==

l’.
Fig. 6: Failure cases study of our method on target domain O with Protocol 1 and 2.
Green boxes denote real samples and red boxes denote spoof samples.

and spoof samples. The anchors ("anchor-anchor" relational feature) denoted
with blue cross tend to stay at the edge of the live clusters as their self-relations
provide the highest confidence.

Attention Visualization. Figure [5| (b) presents typical Grad-CAM attention
maps of the relational features on target-domain samples. TRAM exhibits a one-
class classification—like behavior. For real faces, it focuses on facial regions and
captures coherent relational feature patterns with the anchor. In contrast, spoof
faces that differ from the anchor produce scattered and inconsistent attention.

Failure cases analysis. Figure [6] shows typical failures on target domain O
with P1 and P2. Green box denotes real samples and red denotes spoof ones.
Most false rejections on real faces stem from low-quality inputs. An evident error
pattern is observed in I— O, where warm-toned spoof samples are often misclas-
sified as real. This can be attributed to a dataset bias in I, where warm-toned
samples are all real. This issue is alleviated in ICM— O, indicating that larger
source diversity reduces overfitting to salient shortcuts under limited variation.

5 Conclusion

In this work, we tackle the DA problem in FAS from a novel relative image-pair-
text contrastive learning perspective. Since the real face image shares the same
domain information as others, we take it as the anchor to model the relationship
between the other inputs to conduct generalized FAS. The proposed TRAM
achieves finetuning-free test-time DA with only a few target-domain genuine
samples from it. A Relative Image-Pair-Text Contrastive Learning strategy is
designed to learn discriminative spoof cues from the image pairs, guided by fine-
grained FAS prompts and regularized by attention consensus. For lack of detailed
spoof annotations, a Fine-grained Relation Prompt Learning strategy is pro-
posed to mine FAS-related low-level photometric discrepancy information with
pseudo detailed artifact attributes and generate fine-grained prompts. Exten-
sive experiments on eight FAS datasets covering typical variations demonstrate
the generalizability of TRAM over state-of-the-art methods. In-depth analysis
of each TRAM component is also performed from multiple perspectives.
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